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In studies of complex diseases, a common paradigm is to conduct association analysis at markers in regions identiﬁed
by linkage analysis, to attempt to narrow the region of interest. Family-based tests for association based on parental
transmissions to affected offspring are often used in ﬁne-mapping studies. However, for diseases with late onset,
parental genotypes are often missing. Without parental genotypes, family-based tests either compare allele fre-
quencies in affected individuals with those in their unaffected siblings or use siblings to infer missing parental
genotypes. An example of the latter approach is the score test implemented in the computer program TRANSMIT.
The inference of missing parental genotypes in TRANSMIT assumes that transmissions from parents to affected
siblings are independent, which is appropriate when there is no linkage. However, using computer simulations, we
show that, when the marker and disease locus are linked and the data set consists of families with multiple affected
siblings, this assumption leads to a bias in the score statistic under the null hypothesis of no association between
the marker and disease alleles. This bias leads to an inﬂated type I error rate for the score test in regions of linkage.
We present a novel test for association in the presence of linkage (APL) that correctly infers missing parental
genotypes in regions of linkage by estimating identity-by-descent parameters, to adjust for correlation between
parental transmissions to affected siblings. In simulated data, we demonstrate the validity of the APL test under
the null hypothesis of no association and show that the test can be more powerful than the pedigree disequilibrium
test and family-based association test. As an example, we compare the performance of the tests in a candidate-
gene study in families with Parkinson disease.
Introduction
A common strategy in the search for complex disease
genes is to identify regions of linkage, often through a
genome scan in a large sample of multicase families.
However, regions identiﬁed through linkage analysis can
be large. Often, tests of association are used to further
localize the susceptibility locus.With this paradigm, tests
of association must allow for linkage between the sus-
ceptibility locus and markers. This is not an issue for
case-control tests using unrelated individuals, but, if
cases are relatives (e.g., affected siblings), then adjust-
ments in the test statistic must be made (Slager and
Schaid 2001). For family-based tests of association, link-
age between a marker and disease locus must be taken
into account when families with multiple affected sib-
lings are included in the analysis. For example, the classic
family-based transmission/disequilibrium test (TDT) can
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be used to test for association in the presence of linkage
in family triads (one affected offspring and both parents)
(Spielman et al. 1993; Spielman and Ewens 1996). How-
ever, for families with more than one affected offspring,
the TDT is not valid as a test of association if there is
linkage between the disease and marker loci. The loss
of validity occurs because, when there is linkage, the
transmissions of parental marker alleles to multiple af-
fected offspring are correlated, and this correlation is
not accounted for in the variance estimate used in the
TDT.Modiﬁcations of the TDT have been proposed that
correctly account for correlations due to linkage in nu-
clear families with multiple affected offspring and in ex-
tended pedigrees (Martin et al. 1997, 2000; Abecasis et
al. 2000; Rabinowitz and Laird 2000).
Linkage between a marker and disease locus can also
be a problem in samples of families with multiple af-
fected siblings when testing for association in late-onset
diseases, in which parental data are often missing. One
approach to the study of late-onset diseases is to com-
pare allele or genotype frequencies in affected and un-
affected siblings, and such methods have been proposed
that properly test for association in the presence of link-
age in sibship data (Horvath and Laird 1998; Monks
et al. 1998; Martin et al. 2000). Alternatively, genotypes
Martin et al.: Testing Association in the Presence of Linkage 1017
of siblings can be used to infer missing parental geno-
types (Clayton 1999; Knapp 1999; Weinberg 1999).
When there is no linkage between a marker and disease
locus, the inference of missing parental genotypes from
multiple affected offspring depends only on Mendelian
probabilities and allele frequencies. This method of in-
ference is used in the score test implemented in the com-
puter program TRANSMIT (Clayton 1999). The infer-
ence of parental genotypes at a marker locus linked to
a susceptibility locus is more difﬁcult, because trans-
missions of parental alleles tomultiple affected offspring
are correlated.
We demonstrate, using computer simulations, that
failure to account for this correlation due to linkage
when inferring missing parental data in samples of nu-
clear families with multiple affected siblings can lead to
a bias in the statistic calculated in TRANSMIT. This
bias inﬂates the type I error rate of the score test in
TRANSMIT, and this inﬂation increases with increasing
sample size. We present a new test for association in
the presence of linkage (APL) that incorporates identity-
by-descent (IBD) relationships to adjust for linkage
when inferring missing parental genotypes in nuclear
families. We use computer simulations to demonstrate
the validity of the new APL statistic, and we examine
its statistical power and compare the power of the APL
test to the power of two alternative methods in nuclear
families: the pedigree disequilibrium test (PDT) (Martin
et al. 2000) and the family-based association test
(FBAT) (Lake et al. 2000). Finally, we show the utility
of the APL test in an application to data from a can-
didate-gene study in a set of families with Parkinson
disease (Martin et al. 2001b).
Methods
The Difﬁculty of Parental Genotype Inference
in Affected Sib Pairs (ASPs)
Consider the simple situation of a nuclear family with
two affected siblings (i.e., a family with one ASP) with
marker genotypes for sibs 1 and 2. Initially,Gp (G ,G )1 2
assume that both parents are typed, with genotypes
. Suppose, for simplicity, that the marker isG p (P ,P )p 1 2
biallelic and focus on allele 1 (although the argument
extends to multiple alleles as well). For each ASP family,
deﬁne X as the number of copies of allele 1 in siblings,
with , and deﬁne Np as the number of copiesXp 0,… ,4
of allele 1 in parents, with .N p 0,… ,4p
If there is no association between alleles at the marker
and the disease locus, then the expected value of X con-
ditional on the parents’ genotypes is . ThisE(XFG )p Np p
conditional expectation forms the basis of many of the
commonly used family-based tests of association, such
as HHRR, TDT, PDT, and TRANSMIT (Terwilliger and
Ott 1992; Spielman et al. 1993; Clayton 1999; Martin
et al. 2000). It follows that, for the ith family, T pi
has a mean of 0 under the null hypothesis ofX Ni pi
no association. If we sample N independent ASP fami-
lies, then a statistic can be based on . InNT p  T• iip1
constructing the variance of this sum, one must account
for correlation between affected siblings that might re-
sult from linkage (Martin et al. 1997). Clayton (1999)
uses a “robust variance” estimator, which uses an em-
pirical estimate of the variance that treats families, rather
than sibs, as the independent units.
There is no difﬁculty with this approach when full
parental genotype data are available. When parental ge-
notypes are missing, however, it becomes necessary to
consider all possible parental genotypes that are consis-
tent with the genotypes of the offspring (Clayton 1999).
Speciﬁcally, if denotes the collection of parental ge-P
notypes consistent with G, then, for the ith family,
ˆT p X  P(G FG ,A)Ni i pj i pij
jP
where Npij is the number of copies of allele 1 in parents
in the jth set of parents in and is an es-ˆP P(G FG ,A)pj i
timate of , the probability of the jth set ofP(G FG ,A)pj i
possible parental genotypes, given the genotypes of the
offspring ( ) and the event that both siblings are af-Gi
fected (A).
The value of Xi is observed by counting the number
of copies of allele 1 in the affected siblings. Npij is known
for any speciﬁed set of possible parents. mustP(G FG ,A)pj i
be estimated under the null hypothesis of no association
between the marker and disease alleles so that Ti has a
mean of 0. If we are willing to assume that there is no
linkage between a marker and the disease locus, then,
under the null hypothesis that there is no association
between the marker and disease alleles, doesP(G FG ,A)pj i
not depend on disease status and is a function only of
mating-type probabilities and Mendelian segregation
probabilities. This is the procedure implemented in the
TRANSMIT program (Clayton 1999). However, if there
is linkage between the marker and the disease locus, then
the transmissions to affected siblings are correlated. Fail-
ure to account for this correlation leads to biased esti-
mation of the parental genotype frequencies, which re-
sults in a biased statistic.
Allowing for Linkage in Parental Genotype Inference
in ASPs
We propose the following alternative approach to es-
timating , an approach that allows for link-P(G FG ,A)pj i
age between a marker and the disease locus and provides
a valid test of association. The key observation is that,
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under the null hypothesis and in the presence of tight
linkage between a marker and the disease locus, the only
additional parameters that must be considered are the
IBD parameters z0, z1, and z2, which are the probabilities
that the affected siblings share 0, 1, or 2 alleles IBD,
respectively, at the marker locus. To see that this is true,
for any set of parental genotypes Gp consistent with off-
spring genotypes G (dropping subscripts i and j to sim-
plify notation),
P(G FA)P(GFG ,A)p pP(G FG,A)pp P(GFA)
2
P(G FA)  P(GFG ,A,IBDp k)P(IBDp kFG ,A)p p p
kp0p .
P(GFA)
(1)
If there is tight linkage and no association between
marker and disease alleles, then
P(GFG ,A,IBDp k)p P(GFG ,IBDp k)p p
and P(IBDp kFG ,A)p P(IBDp kFA)p z .p k
Because of tight linkage, we always assume that IBD at
the marker is equivalent to IBD at the disease locus.
When there is no association, the mating-type proba-
bility is equal to the unconditional mating-typeP(G FA)p
probability denoted mGp. It follows that, under the null
hypothesis and the assumption of tight linkage,
2
m  z P(GFG ,IBDp k)Gp k p
kp0P(G FG,A)p . (2)p P(GFA)
in the numerator is a function ofMen-P(GFG ,IBDp k)p
delian segregation probabilities only. can be com-P(GFA)
puted by summing all terms in the numerators over all
possible parents, Gp, for a given G. If there is no linkage
between the marker and the disease locus, then z p2
, , and the transmissions from parentsz p 1/4 z p 1/20 1
to each sibling are independent. Thus, to estimate
, one needs to estimate only the mating-typeP(G FG,A)p
parameters. This strategy is used in TRANSMIT with
the additional assumption of Hardy-Weinberg equilib-
rium (HWE). If linkage does exist between the marker
and disease locus, then the {zi} are unknown and must
be estimated jointly with the {mGp}.
The Expectation Maximization (EM) Algorithm
for Parameter Estimation
To estimate the probabilities in equation 2, we need
to estimate the mating-type and IBD probabilities. This
can be accomplished using the EM algorithm (Dempster
et al. 1977). Appendix A shows the steps of the EM
algorithm. In the E-step, the expected full data set is
computed on the basis of observed data and parameter
estimates. Speciﬁcally, let the observed data, nG, be
counts of the number of sibships with genotypes G for
all G. The full data are the partition of nG, for each G,
into the joint parental genotype and IBD classes. Then
the expected full data counts are the numbers of sibships
with genotypes G, parental genotypes Gp and IBDp
. We denote the expected full data for these classesk
. These expectedn˜ {G,G ,k}p n P(G ,IBDp k d G,A)p G p
values depend on the unknown mating-type and IBD
parameters. Initial estimates of these parameters are
plugged into the probability formulas to obtain values
for the expected counts. In theM-step, the expected data
are used in the equations for the maximum likelihood
estimates (MLEs) for mating-type and IBD parameters
to provide new parameter estimates. The formulas for
these estimates are given in appendix A. These new es-
timates then replace the initial estimates in the E-step,
and the procedure iterates until the estimates converge.
A Novel Statistic for Association in the Presence
of Linkage
Once parameter estimates have been calculated, the
variance of can be estimated using the general formT•
N
2 ′ˆ ˆVar(T )p T  J V J .• i mle
ip1
If we deﬁne g to be a vector of the mating-type and
IBD parameters and ,Ng (g)p   P(G FG ,A)NX pj i pijip1 jP
then J is a vector of partial derivatives of evaluatedg (g)x
at the MLEs for g. The quantity is an estimate ofˆVmle
the variance-covariance matrix for the MLEs, which can
be computed with standard likelihood theory (Clayton
1999; Shih and Whittemore 2002). Note that the vari-
ance estimate is calculated with the family as the inde-
pendent units and that it thus allows for correlation be-
tween siblings as a result of linkage. This variance estimate
is similar to the “robust variance” estimator used byClay-
ton (1999) but takes into account the variance associated
with estimation of IBD parameters.
Finally, the statistic that we propose takes the form:
T• .
ˆVar(T )•
Under the null hypothesis, this statistic is asymptotically
normal, with a mean of 0 and a variance of 1. We will
refer to the test based on this statistic as the “APL test.”
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Modeling Mating-Type Parameters
For biallelic markers, such as SNPs, the ﬁve mating-
type parameters can be estimated directly (Weinberg et
al. 1998). In this case, the test is not sensitive to devi-
ations from HWE that might be found, for example, in
stratiﬁed populations. However, if there are several
marker alleles (or haplotypes, as discussed below), then
HWE must be assumed for our analysis, since there will
be a large number of possible mating types.
A simplifying assumption is to suppose HWE in the
population. This allows each mating-type parameter mGp
to be modeled in terms of the allele frequencies, which
reduces the number of nuisance parameters that need to
be estimated. For example, for a biallelic marker, there
are six possible mating types, which gives ﬁve free mat-
ing-type parameters. If we assume HWE, then the num-
ber of free parameters that we need to estimate to model
the mating-type parameters is only one, the allele fre-
quency. In general, the number of parameters required
when we assume HWE is one less than the number of
alleles.
Extensions to Other Family Structures
In practice, many disease data sets will contain a mix
of family types. Families may have one or more affected
siblings, no unaffected siblings or one ormore unaffected
siblings, and full or partial parental data. The method
outlined above can be extended to accommodate these
different family structures and allows the combination
of different family types in the test. All families contrib-
ute to estimation of themating-type parameters, but only
families with ASPs contribute to estimation of the IBD
parameters.
Although some families may have more than two af-
fected siblings, the present article, for the sake of sim-
plicity, considers only cases in which families have one
or two affected siblings. For families with a single af-
fected offspring, the contribution to the numerator of
the APL statistic is
1
T p X  Ni i pi2
if both parents’ genotypes are known, and
1
ˆT p X  P(G FG,A)Ni i pj pij2 jP
if both parents’ genotypes are unknown, where Xi is the
number of copies of allele 1 in the single affected off-
spring in the ith family, Npi is the number of copies of
allele 1 in the parents in the ith family, G is the genotype
of the affected offspring, and A is the event that the
singleton is affected. For singleton families with missing
parental data, the expression for is simplerP(G FG,A)pj
than the expression in equation (2), because it depends
only on the mating-type parameters, which are estimated
from the entire collection of families.
For complex diseases, for which any single disease
locus is expected to have low penetrances, transmissions
from parents to unaffected siblings add little information
about association. However, unaffected siblings can be
used to improve estimation of mating-type parameters.
For families with two affected siblings, additional un-
affected siblings contribute only to the calculation of
in equation (1). For example, for aP(GFG ,IBDp k)p
family with two affected and one unaffected sibling, G
denotes the set of genotypes for the three siblings, and
the IBD estimates refer only to the ASP. If penetrances
are low, then, given the parental genotypes, the trans-
missions to the unaffected sibling are independent of
transmissions to the other siblings. Thus, the probabil-
ities, , which were previously derived{P(GFG ,IBDp k)}p
for ASPs, are simply multiplied by Mendelian transmis-
sion probabilities for the unaffected sibling. Estimation
of mating-type parameters and IBD can be accomplished
with the EM algorithm, as discussed above. This ap-
proach extends to additional unaffected siblings in a
similar way. The same arguments work for families with
one affected sibling.
If some families have partial parental genotype infor-
mation, then they can be used to aid in parameter es-
timation for families with missing parental information.
If P1 is missing, we estimate , which willP(PFP ,G,A)1 2
depend on the mating-type and IBD parameters. Esti-
mation proceeds as before, using equation (1) with ap-
propriate accommodations to reﬂect the fact that one
parent, P2, is known.
Computer Simulations
Computer simulations were used to evaluate type I
error and power. The SIMLA computer program (Bass
et al. 2002) was used to simulate replicate samples of
and nuclear families with differentNp 250 Np 500
numbers of affected and unaffected siblings. A single
disease locus was simulated with the model parameters
given in table 1. Disease-allele frequency and penetrances
were chosen to give prevalences ∼0.005. Low pene-
trances and common allele frequencies were used to re-
ﬂect a single locus that contributes a small amount of
risk, as would be expected in a complex disease. Reces-
sive and multiplicative models were chosen to constrain
the relationships between the penetrances. Penetrances
were chosen to give four genetic models with a range of
genetic effects. To quantify the genetic effect, we com-
puted the recurrence-risk ratio for siblings, ls, for each
model. The genetic marker was simulated under the as-
sumption of complete linkage to the disease locus. For
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Table 1
Genetic Models Used in Simulations
MODEL OF
INHERITANCE
DISEASE-
MARKER
ALLELE
FREQUENCY
PENETRANCE
DISEASE
PREVALENCE ls
af0 f1 f2
Recessive:
RecA .25 .005 .005 .025 .0063 1.21
RecB .25 .005 .005 .020 .0059 1.13
RecC .25 .005 .005 .015 .0056 1.06
RecD .25 .005 .005 .010 .0053 1.02
Multiplicative:
MultA .15 .004 .011 .030 .0064 1.26
MultB .15 .004 .010 .025 .0060 1.20
MultC .15 .004 .008 .016 .0053 1.10
MultD .15 .004 .006 .009 .0046 1.03
a Recurrence-risk ratio for siblings.
Table 2
Mean and Variance of Score Test Statistic from TRANSMIT
across 2,000 Replicate Data Sets of N AA Families without Data
from Parents
N AND MODEL
OF INHERITANCE
SCORE TEST
Mean Variance
Type I
Errora
N p 250:
RecA 1.29 1.05 .25
RecB .82 1.11 .15
RecC .38 .94 .06
RecD .17 .97 .05
MultA .96 1.06 .17
MultB .69 1.07 .11
MultC .39 .98 .06
MultD .15 .98 .05
N p 500:
RecA 1.83 1.01 .43
RecB 1.18 1.02 .22
RecC .62 .96 .09
RecD .13 1.04 .06
MultA 1.38 1.02 .27
MultB .99 1.14 .18
MultC .56 1.03 .08
MultD .15 1.04 .07
a Proportion of data sets with .P  .05
type I error simulations, there was no association be-
tween the disease and marker alleles. Power simulations
assumed that the marker and disease alleles were in per-
fect association, so, in effect, the loci were identical.
Application to Parkinson Disease
To evaluate the utility of the APL test in real data,
we applied the APL and other tests to ﬁve SNPs in
the gene encoding the microtubule-associated protein t
(on 17q21) that we have shown elsewhere to be asso-
ciated with Parkinson disease (Martin et al. 2001b) and
that is known to lie in a region linked to Parkinson
disease (Scott et al. 2001). For this example, we consid-
ered a subset of those families with either two affected
siblings (AA families) or two affected siblings and one
unaffected sibling (AAU families). Because of the late-
onset of Parkinson disease, no parental genotype data
were available in these families. The number of fully
genotyped families for this example varied between 94
and 120 for the ﬁve SNPs. Two of the SNPs genotyped
were intronic: one in intron 3 (SNP 3) and one in intron
11 (SNP 11). The other three SNPs lie in exon 9: SNPs
9i, 9ii, and 9iii. The details of SNP genotyping and a
description of the sample of families with Parkinson dis-
ease are given by Martin et al. (2001b).
Results
To examine the impact of testing for association in a
region of linkage and the impact of the affected-sibling
correlation on the TRANSMIT test statistic, we began
by considering an extreme example. This example
clearly demonstrates the problem that linkage creates for
samples in families with multiple affected siblings and
missing parental genotype data. For each of the eight
genetic models (table 1), marker data were simulated for
2,000 replicate samples ofNASPs with no parental data.
Marker and disease alleles were unassociated, but the
loci were completely linked. The “robust variance” es-
timator was used in the calculation of the score statistic
from TRANSMIT (-ro ﬂag option in the TRANSMIT
software). The results in table 2 show that the type I
error rate in the score test can be inﬂated.
Table 2 also shows the mean and variance over rep-
licate data sets of the TRANSMIT score statistic. Al-
though the program outputs the x2 version of the score
statistic, we converted the statistic to the normal statistic
so that the direction of the deviation from the expected
value of 0 under the null hypothesis could be examined.
The statistic was computed only for the minor allele
(allele frequency .25 for the recessive and allele fre-
quency .15 for the multiplicative models), since the sta-
tistic for the other allele would be the same but with
the opposite sign. If the test were valid, then the ex-
pectation of the statistic would be 0; however, for all
of these examples, the estimated means are 10. This
reveals a positive bias in the score statistic that occurs
because the increased allele sharing among siblings as
a result of linkage is ignored. Since the major allele will
be shared IBD more frequently than the minor allele,
its frequency will be overestimated in parents, resulting
in an underestimate of the minor allele in the parents.
It is noteworthy that when the alleles have equal fre-
quency, the allele frequency in the parents is correctly
estimated, and the score statistic is unbiased.
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Table 3
Mean and Variance of Score Test Statistic from TRANSMIT
across 2,000 Replicate Data Sets of AAU Families, without Data
from Parents, and Combined Samples of AA and AAU Families,
without Data from Parents
N AND MODEL
OF INHERITANCE
SCORE TEST
Mean Variance
Type I
Errora
N p 250 AAU:
RecA .19 1.02 .051
RecB .12 .97 .050
MultA .20 1.04 .057
MultB .18 1.04 .063
N p 500
RecA .22 1.05 .059
RecB .13 .97 .047
MultA .27 .95 .048
MultB .23 1.00 .058
N p 250 AA  250 AAUb:
RecA .56 .98 .089
RecB .37 .99 .068
MultA .57 1.07 .094
MultB .45 1.06 .076
a Proportion of data sets with .P  .05
b Combined data sets with 250 ASP families and 250 families with
two affected siblings and one unaffected sibling, without data from
parents.
Table 4
Mean and Variance of the APL Test across 2,000 Replicate Data
Sets of AAU Families, without Data from Parents, and Combined
Samples of AA and AAU Families, without Data from Parents
APL TEST
N AND MODEL
OF INHERITANCE Mean Variance
Type I
Errora
N p 250:
RecA .01 .98 .048
RecB .03 .94 .046
MultA .02 1.03 .050
MultB .04 1.01 .049
N p 500
RecA .04 1.01 .050
RecB .01 .98 .044
MultA .032 .94 .040
MultB .039 1.00 .049
N p 250 AA  250 AAUb:
RecA .03 .98 .053
RecB .01 .96 .042
MultA .04 1.02 .055
MultB .03 1.03 .048
a Proportion of data sets with .P  .05
b Combined data sets with 250 ASP families and 250 families with
two affected and one unaffected siblings, without data from parents.
The bias and increase in type I error are more extreme
for models with larger relative recurrence risks for sib-
lings (ls) (table 2). For example, for the RecA model,
in which , the type I error of the score test isl p 1.21s
0.43 for samples of 500 families. When ls is close to 1
(e.g., in the RecD and MultD models), the type I error
is close to the nominal level. This occurs because, when
ls is close to 1, the probability of a sibling of an affected
individual being affected is the same as that of a ran-
domly selected member of the population. This means
that, even though there is complete linkage between a
marker and the disease locus, the transmissions to sib-
lings are, in effect, independent.
An important consequence of the bias incurred by
incorrectly assuming no linkage is that the type I error
increases with increasing sample size. This can be seen
for each model as the sample size increases from 250
to 500 (table 2). Consequently, for large samples, which
are required for detection of small contributions to com-
plex traits, type I error can be seriously inﬂated.
The inclusion of unaffected siblings in the analysis
reduces the bias of the score statistic in TRANSMIT
because, for alleles with low penetrances, conditional
on parental genotypes, transmissions to unaffected sib-
lings are essentially independent of transmissions to any
other siblings. Therefore, the parental genotype infer-
ence used by TRANSMIT is appropriate for unaffected
siblings. Table 3 shows the mean and variance of the
score statistic and the type I error for the four models
for which the statistic is most biased (RecA, RecB,
MultA, and MultB). The bias is considerably smaller—
and the type I error estimates are much closer to the
nominal level—than in the simulations with only ASPs.
However, as noted above, a small bias can inﬂate the
type I error if the sample size is large.We also considered
a data set composed of a mixture of families with only
an ASP and families with an ASP and one unaffected
sibling (table 3). As expected, the bias and its effect on
type I error are not as severe as in a data set with only
ASPs, but they are somewhat worse than those in a data
set in which all families have an unaffected sibling.
The APL statistic that we propose is constructed to
be a valid test of association, even when linkage exists.
For the ASP data simulated for table 2 (under the null
hypothesis), we found that the numerator of the statistic
has the correct mean of 0. In fact, when the sample
consists only of affected siblings with no parental ge-
notype data, the allele frequency estimated for the par-
ents is always very close to the allele frequency in the
sample of affected siblings. Thus, the numerator of the
APL statistic is, in effect, 0 for every sample. Further-
more, the same is true when there is association between
the marker and disease alleles. Intuitively, it makes sense
that if there are no unaffected siblings or parental data,
then a test for association based only on affected in-
dividuals has no way of obtaining good estimates of
allele frequency in the parental populations. Without
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some “control” data, the frequency estimates in the par-
ents will approximate the frequency in the affected off-
spring. Thus, for association testing, the extreme ex-
ample of a sample of ASPs with no parental data
provides no information for the APL test.
A more interesting example for studying the prop-
erties of the APL test is in samples in which some fam-
ilies include unaffected siblings. Table 4 shows the mean
and variance of the APL statistic and the type I error
of the APL test for samples of AAU families and com-
bined samples of AA and AAU families for RecA, RecB,
MultA, andMultB models, with no association between
alleles but with complete linkage between a marker and
the disease locus. For simplicity and to make the test
more comparable to the score test of TRANSMIT, we
have modeled mating-type parameters in the APL test,
under the assumption of HWE throughout. For all ex-
amples, the mean of the APL statistic was close to 0,
the variance was close to 1, and the type I error of the
test was close to the nominal level .05.
We next considered power of the APL test when both
linkage and association are present. Since the score test
in TRANSMIT has been shown to have an inﬂated type
I error rate when there are multiple affected siblings and
missing parental data, it will also have inﬂated power.
Thus, it is not appropriate to compare the power of the
score test with that of the APL test. Two alternative
tests—PDT (Martin et al. 2000, 2001a) and the FBAT
(Lake et al. 2000)—do, however, maintain the correct
type I error as tests of association, even when there is
linkage. Thus, we compared the APL test with the PDT
and FBAT. For the PDT, we used the PDT-sum version
(Martin et al. 2001a), and, for the FBAT, we used the
empirical-variance estimator (-e ﬂag option in the FBAT
program). Figure 1 shows estimates of power for the
APL, PDT, and FBAT from simulated data sets of AAU
families and of combined AA and AAU families. We
considered two signiﬁcance levels for power calcula-
tions: .05 and .001. Power estimates were 1 for all ex-
amples in the RecA and MultA models, so they are not
shown in ﬁgure 1. To make the power simulations more
informative, we added two models with intermediate
power (RecX with and MultX withl p 1.04 l ps s
).1.08
We see that when all families contain an unaffected
sibling (all AAU families), the power of the APL test is
greater than or equal to the power of the PDT and FBAT
for all but one case—the RecC model with ,ap 0.001
in which the APL has slightly less power than the PDT
and FBAT. In the combined data sets with both AAU
and AA families, the PDT and FBAT do not use the
families without unaffected siblings. The APL test will
use information from the entire collection of families.
However, the results in ﬁgure 1 show that AA families
add little information for the APL test. For the recessive
models, the APL test with 250 AAU families has power
similar to that in the combined data set of 250 AAU
and 250 AA families; and, for some examples, use of
the combined data actually decreases the power of the
APL test. For example, in the RecB model with ap
, the addition of 250 AA families decreases the0.001
power of the APL test from 0.82 (with 250AAU families
only) to 0.74 (with 250 AAU plus 250 AA families). In
the multiplicative models, the APL test is slightly more
powerful in the combined data set than in AAU families
alone, and the test continues to be more powerful than
the PDT and FBAT.
Table 5 shows the results of the APL test, the score
test from TRANSMIT, the PDT, and the FBAT in a
sample of families with Parkinson disease. The SNPs
examined are in the t gene, lying in a region that has
shown evidence of linkage ( ) through aLODp 2.62
genomic screen in families with Parkinson disease (Scott
et al. 2001). The sample analyzed here consists pri-
marily of AAU families, with ∼10% of the families hav-
ing only an ASP (AA). Parental genotypes were missing
in all families. As shown above, in regions of linkage,
the TRANSMIT statistic may be biased in families with
multiple affected siblings and missing parents; thus, the
interpretation of the test is unclear in these data. The
APL and TRANSMIT tests both show signiﬁcant P val-
ues for four of the markers (table 5), with the APL test
being somewhat more signiﬁcant than the TRANSMIT
score test. These four markers are known to be in strong
linkage disequilibrium (Martin et al. 2001b), so it is not
correct to interpret these tests as independent of one
another; nevertheless, they offer an interesting example
for comparison. Note that for each of the ﬁve markers,
the PDT and FBAT produced identical P values, to four
decimal places, and these P values were considerably
larger than those for the APL and TRANSMIT tests.
Discussion
Association analysis can be a useful tool for ﬁnemapping
of complex disease genes in regions of linkage. Family-
based tests of association that infer missing parental data
must take linkage between a marker and disease locus
into account when using families with multiple affected
siblings. We demonstrated that the score statistic cal-
culated in the computer program TRANSMIT is biased
under the null hypothesis of no association in the pres-
ence of linkage when ASP data with missing parental
genotype information are used. This bias has important
implications that can lead to misinterpretation of results
in ﬁne-mapping studies. We showed that the bias results
in an inﬂated type I error rate, leading to excessive false-
positive results. Furthermore, this inﬂation increases
with increasing sample size. Thus, it is difﬁcult to dis-
tinguish this effect from the increase in power that we
Figure 1 Power of the APL test, PDT, and FBAT over 1,000 replicate data sets of N AAU families, without data from parents, and 1,000
replicate data sets of combined samples of 250 AA and 250 AAU families, without data from parents. Power is computed for signiﬁcance level
(a) of 0.05 and 0.001 for recessive and multiplicative models.
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Table 5
P Values for Tests of Association in Families with Parkinson Disease
for Five SNPs in the t Gene
P
SNP Na APL TRANSMIT PDT FBAT
3 115 .002 .006 .235 .235
9i 94 .0007 .002 .227 .227
9ii 120 .015 .03 .556 .556
9iii 96 .707 .529 .564 .564
11 115 .004 .007 .278 .278
a AA and AAU families, without data from parents, that are ge-
notyped, without regard to marker informativity.
expect with increasing sample size when there is a true
association. The bias can also lead to incorrect conclu-
sions in the interpretation of results in stratiﬁed data
sets—for example, when stratifying families by numbers
of affected individuals (e.g., multiplex vs. singleton) or
age at onset (e.g., early or late onset). Since the bias due
to linkage occurs only when families with multiple af-
fected siblings are used, we would expect to see more
false-positive associations in multiplex families than in
singleton families. This can lead to the incorrect inter-
pretation that the association is stronger in multiplex
families that are “genetically loaded” for disease sus-
ceptibility. Similarly, because the bias is limited to fam-
ilies with missing parental data, we may falsely conclude
that the association is restricted to families with late-
onset disease.
Because testing for association in regions of linkage
is a common paradigm for mapping complex disease
genes, we proposed an alternative test statistic that in-
fers missing parental genotypes conditional on IBD al-
lele sharing in affected siblings. By conditioning on IBD
sharing in affected siblings in the parental genotype in-
ference, the APL test remains valid as a test for asso-
ciation in the presence of linkage. Our simulations dem-
onstrated that the APL test can have more power than
the PDT and FBAT. This shows that, in nuclear family
data, the APL test may be preferred over the PDT and
FBAT. The application to the Parkinson disease data
further demonstrates the increase in power of the APL
over PDT and FBAT. The APL P values are considerably
smaller than P values from the PDT and FBAT at four
of the ﬁve SNPs tested and are comparable to those of
the TRANSMIT test. The t gene has been found to be
associated with Parkinson disease and other parkinson-
ian disorders in other samples (Hutton et al. 1998;
Baker et al. 1999; Farrer et al. 2002); thus, it is believed
that this is a true locus and that the increase in signif-
icance represents increased power. Although the APL
may have greater power in nuclear families, the test,
unlike PDT, is not valid in extended pedigrees, nor does
it offer the ﬂexibility to handle quantitative traits as the
FBAT does. So each of these tests offers advantages in
different situations.
We presented the APL test in terms of general mating-
type parameters. These mating-type parameters can be
replaced with a single allele-frequency parameter (for a
biallelic marker) if we assume HWE, as was done in
the TRANSMIT statistic and for the simulations dis-
cussed in this article. Use of the full parameterization
of mating types allows for deviations from HWE and
may be preferable in stratiﬁed samples. This ﬂexibility
is a strength of the APL test.
Our presentation has been for a single geneticmarker;
however, the APL test, like the procedure implemented
in TRANSMIT, can use multiple markers in a joint hap-
lotype analysis. Clayton (1999) extended the score sta-
tistic to test for association between marker haplotypes
and a disease allele, but, again, the inference of missing
parental genotypes is not valid in regions of linkage
when there are multiple affected siblings. Conducting
correct haplotype inference in regions of linkage is crit-
ical for ﬁne-mapping. The APL test can be extended
analogously to the extension of the test in TRANSMIT.
When considering marker haplotypes, even when full
parental genotype data are available, there is another
level of inference, since we do not directly observe
marker haplotypes. For the ith family, Ti is deﬁned as
before; however, we must sum over possible haplotype-
phase conﬁgurations for the family. The probabilities
for each haplotype-phase conﬁguration depend only on
haplotype frequencies in the population under the null
hypothesis, and these frequencies can be estimated using
the EM algorithm. This approach is taken by Clayton
(1999), and it is appropriate if there are no missing
parental data and if we are willing to assume HWE.
However, if there are missing parental data, it becomes
necessary to account for linkage by including parame-
ters for IBD and estimating mating types of haplotypes
conditional on IBD. The steps described above for a
single locus still apply, but more parameters are required
to describe the mating-type probabilities. The primary
limitation for the haplotype-based test is that it will
likely be necessary to assume HWE unless only a few
haplotypes exist in the population. Otherwise the num-
ber of haplotype mating-type parameters may become
prohibitive. With the development of the haplotypemap
under way (Casci 2002), we expect to be guided in the
selection of a few markers that tag a limited number of
haplotypes. In this case, it may be possible tomove away
from the HWE assumption.
It is noteworthy that if all families have parental data,
then the APL test is asymptotically equivalent to the test
in TRANSMIT under the null hypothesis. The only
difference is that the statistic in TRANSMIT uses a
variance estimator that computes deviations around an
estimated mean of the numerator, whereas the APL sta-
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tistic uses deviations around the null value of 0. The
variance estimator used in the TRANSMIT statistic can
produce a more powerful test than the APL, but gains
will be minimal unless the association is very strong.
This estimator could be used in the APL statistic as well.
When testing for association, families with only af-
fected siblings and no parental genotype data are not
appropriate for the test in TRANSMIT in regions of
linkage, and they are not informative for the PDT or
FBAT. Our investigation showed that, although the APL
test remains valid when ASP families with no parental
data are used, such families provide little information
for the test, and their inclusion can even lead to a de-
crease in power for some models. As discussed earlier,
it is essential that family-based tests of association have
some “control” data that give information about pop-
ulation allele frequencies for comparison with frequen-
cies in affected individuals. Therefore, collecting fami-
lies with only affected siblings does not seem to be an
efﬁcient use of resources for family-based tests of as-
sociation, and, when parental data are unavailable, col-
lecting unaffected siblings would strengthen the power
of family-based association tests.
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Appendix A
Steps of the EM Algorithm to Estimate Mating-Type and IBD Parameters
Observed data are the counts , where is the number of ASP families for which siblings have genotypes{n } nG G
in the set G.
1. Specify initial estimates for mating-type and IBD parameters: mGp and zGp.
2. E-Step: Compute expected full data. The expected count for sibling genotypes G, parental genotype Gp, and
is:IBDp k
n˜ {G,G ,k}p n P(G ,IBDp k d G,A) .p G p
3. M-Step: Compute estimates for mating-type and IBD parameters, using MLE formulas:
˜n{G,G ,IBDp k}p
G k
m˜ pGp n
and
˜  n{G,G ,IBDp k}p
G Gp
˜z p .k n
4. Replace initial parameter estimates with new estimates from step 3 and repeat steps 1–4 until estimates
converge.
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